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3. Timeline:  
 
Study Timeline                                         Year One 
                                                                   Month 2 4 6 8 10 12 
Cleaning Data: Identify phenotype and 
biomarkers and organize data frame  

      

Data analysis: Train the predictive classification 
models, tune xgboost to maximize testing  

      

Model evaluation and dissemination/publication        
 
4. Rationale:  



 We seek to complete and develop a population predictive model in ARIC using data from a 
frailty predictive model that was developed in the longitudinal study in aging Invecchaiare in 
Chianti (Aging in Chianti, “InCHIANTI Study”) See background and significance  
 
Background 

There have been significant changes to the age demographics in the U.S. with Americans 
65 and older reaching more than 20% of the total population by 2030.1 Age demographic 
changes have led to increased hospital utilization by older adults. The National Hospital 
Discharge Survey demonstrated hospital utilization by older adults increased from 20% to 37% 
with older adults accounting for 43% of the days of care.2 Older adults present with a unique 
biophysical profile making them more vulnerable to acute and chronic health exacerbations and 
postoperative complications resulting in subsequent rapid decline in physical and cognitive 
functioning.  

Frailty is a phenotype of physiological reserve and can be used to measure resistance to 
stressors.3,4 The frailty phenotype has increasingly been recognized as a validated measure of 
decreased physiological reserve and predictor of poor outcomes in older adults in medical and 
surgical specialties.4 Frailty is one of the greatest challenges for health care professionals with 
aging populations. It is associated with adverse health outcomes, dependency, and increased 
rates of hospital admission and mortality.3,5,6 Additionally, frail patients have significantly higher 
1-year postoperative mortality rates.4 Perioperative pre-frail and frail older adult patients have a 
2.06 [95% CI, 1.18-3.60] and 2.54 times higher odds [1.12-5.77] of postoperative adverse events; 
increased length of stay, and higher likelihood of discharge to a skilled or assisted-living 
facility.4,7 This increased risk spurred a joint statement from the American College of Surgeons 
and the American Geriatrics Society in 2012 to recommend a frailty assessment as a part of the 
preoperative evaluation for all older adults.4 Subsequently, the Society for Perioperative 
Assessment and Quality Improvement (SPAQI) outlined practical steps for clinicians to asses 
frailty in older adults who require elective intermediate or high risk surgery.7 
Significance 

Despite evidence that frailty screening effectively identifies patients at highest risk for 
adverse outcomes in medical and surgical specialties, measuring frailty in clinical settings has 
been problematic for several reasons. After over twenty years of research, there is no universally 
accepted reference standard nor have predictive biological markers been established to guide 
clinicians in the early detection or prevention of frailty.8,9 Multiple operational definitions have 
been suggested, numerous functional tests, questionnaires and indexes are available which has 
led to confusion among clinicians and lack of utility in screening in clinical practice. Other 
limitations include the length of time or special equipment required to complete the frailty 
screening instruments which can be a hindrance to providers who are under pressures to maintain 
high patient productivity.10 A critical barrier to advancing the science has been a lack of 
understanding the root causes for the physiological and functional changes that define the frailty 
phenomenon.11  
 
 
 
 
 



 
5. Main Hypothesis/Study Questions:  
We propose to replicate a cross-setional predictive model of frailty status that was developed in 
the InCHIANTI study within the ARIC and Health ABC population. A predictive model that 
incorporates the top predictive clinical and laboratory measures would be easy to administer in a 
busy clinical setting. Additionally, it will provide insight into the biological mechanisms that 
predict a patient’s potential to transition from a pre-frail to frail state and generate research into 
clinical and biologically based treatment strategies for the prevention of frailty outcomes. 
 
6. Design and analysis (study design, inclusion/exclusion, outcome and other variables of 
interest with specific reference to the time of their collection, summary of data analysis, 
and any anticipated methodologic limitations or challenges if present). 
 
1. Methods/Study Design 
A cross-sectional predictive model comparing predictors with robust, pre-frail and frail 
participants developed from the baseline InCHIANTI data will be used to replicate a population 
predictive model in ARIC and Health ABC. Health ABC and ARIC models will be run 
separately in the datasets with a compairison of the AUC. The results will discuss the attributable 
AUC differences in part based on outcome derivations. Table I represents the top predictive 
biological features for the pre-frail and frail model 1 from the InCHIANTI study with AUC 
0.9387 (95% CI 0.89-0.98). Using data from the Atherosclerosis Risk in Communities Study 
(ARIC), predictors from Model 1 developed in the InCHIANTI data will be used to replicate the 
frailty model. Figure 1 represents the workflow process that will be used to replicate the frailty 
prediction model in the ARIC dataset.  
 
Figure 1. study approach and workflow diagram 

 
Note. Profile of model development and validation workflow. Blue boxes indicate steps of the 
workflow specific to the ARIC dataset. 



 
 
1.1. Model generation  
The predictive clinical and laboratory biomarkers were identified in InCHIANTI Model 1 will be 
analyzed using an Extreme Gradient Boosting (xgboost) in R12 for the validation model in ARIC. 
While boosting was initially developed for machine learning, ‘xgboost’ in R is based in boosted 
trees. Xgboost is an open source tool and a variant of the gradient boosting machine and uses a 
tree based model. Xgboost is used in this study for a supervised learning problem where the 
variables identified from the systematic review are used to predict pre-frail and frail individuals.  
 
1.2. Evaluation of the model 
With the use of any predictive model in machine learning there is a chance for inflated risk of 
capitalizing on chance features (overfitting) in the data. Overfitting of the model will be 
mitigated in two ways: 1) having a distinct training and validation process for the model and 2) 
using xgb in R which has built-in parameter settings for selection to reduce poor predictive 
performance. Internal validation: A randomly assigned training subset will be used to validate 
the model within the ARIC cohort in silico (via simulation).  
 
1.3. Calibration of the model  
Parameter estimates for each predictive factor and associated descriptive statistics will be 
evaluated to provide biological insight into the underpinnings of the classification algorithm. We 
will first evaluate the calibration by partitioning the data into 5, 10, 20, 30, 40, 50, 75, 100 and 
200 groups and then run the calibration test. Next, we will repeat tests for all possible values 
between 5-200 groups and evaluated the distribution of the test statistic. The best prediction 
thresholds will be determined using AUC.  
 
1.4. Phenotype 
The frailty phenotype will be defined in three categories—non-frail (0), pre-frail(1-2), and frail 
(3-5).3,13 Outcome measure of frailty will be used from V5 in the ARIC dataset.  
 
1.5. Predictors  
     1.5.1. Anticholinergic Burden Calculation  
The Anticholinergic Cognitive Burden (ACB) scale is the most validated scale for evaluating 
adverse health outcomes including cognitive and physical function14,15. The anticholinergic 
properties of each medication will be quantified using the ACB scale based on each drug’s serum 
anticholinergic activity16. To determine ACB scores, each participants’ medications will be 
assigned points (0, 1, 2, 3) according to the published 2012 update and summed for a total 
anticholinergic burden score.  Higher scores indicate higher anticholinergic properties. An 
example of medications with ACB scores include: Amitriptyline = 3, Amantadine = 2, and 
Atenolol = 1. 
 
     1.5.2. Depression Score 
The CES-D self-report scale (0-60) is used to measure depressive symptoms. Reliability, 
validity, and factor structure have been similar across a diverse demographic and the scale has 
been used extensively in epidemiologic studies for depression and physical function.17 The CES-
D score will be used in the predictive model.  



  
    1.5.3 Demographics 
Age – used as a continuous variable, race/ethnicity, and education level 
      
    1.5.4. Table I. represents the validated biological and clinical markers used to predict frailty in 
the InCHIANTI data. Table II. Describes the clincal and biological markers available for the 
prediction of frailty in the ARIC dataset. A total of 23 out of the original 30 clincal and 
biological markers in Model I – InCHAIANTI are available in ARIC. 
 
Table I. Biological and Clinical Predictors Model I in InCHIANTI  

Inflammatory/Immunity Endocrine/Hormones Renal/Electrolyte 
24-hour urinary cortisol 
(µg/24 hours) 

25(OH)-D (25-hydroxyvitamin 
D) via RIA (nmol/L) 

Creatine phosphokinase (U/L) 

Erythrocyte sedimentation 
rate (ESR) (mm/hour) 

Free testosterone (ng/dL), 
Vermeulen 

Creatinine clearance, 24-hr 
urine (mL/minute) 

Homocysteine via FPIA 
analysis (Âµmol/L) 

Blood glucose (mg/dL) Urine proteins (mg/dL) 

Interleukin-1B via ELISA 
(pg/mL) 

Free thyroxine, fT4 (ng/dL) 24-hour urinary creatinine 
(mg/24 hours) 

Interleukin-6 via ELISA 
ultrasensitive (pg/mL) 

Parathyroid hormone, two-
site immunoradiometric 
assay (pg/mL) 

Blood urea nitrogen (mg/dL) 

Monocyte chemoattractant 
protein-1 via Bio-Plex 
(pg/mL) 

Metabolomics(plasma lipids) Nutrient Biomarker 

Soluble TNF-a receptor I via 
quantitative sandwich EIA 
(pg/mL) 

Fatty acid C24:0 weight 
(mg/L) 

Vitamin B6 via high 
performance liquid 
chromatography (ng/mL) 

Soluble TNF-a receptor II via 
quantitative sandwich EIA 
(pg/mL) 

Lipids: HDL cholesterol 
(mg/dL) 

Vitamin E gamma tocopherol, 
high performance liquid 
chromatography (Âµmol/L) 

Hematology/Liver  Lycopene via high 
performance liquid 
chromatography (Âµmol/L) 

Folate via RIA (ng/mL)  Clinical  
Mean corpuscular volume 
(MCV) (fL) 

 Age 

Retinol via high performance 
liquid chromatography 
(µmol/L) 

 Anticholinergic Burden 

GPT (also known as ALT) 
(U/L) 

 Depression/CES-D self-report 
scale 

 
 



 
 
 
 
Table II. Available Biological and Clinical predictors for Frailty Validation in ARIC 

Inflammatory/Immunity Time Point  Renal/Electrolyte Time Point Clinical 

Homocysteine via FPIA 
analysis  

V1  
 

Creatinine clearance, 
24-hr urine 
 

V5 
(n=6,493) 

List of 
Medications 
for ACB score 

Interleukin-1B via ELISA  V1 
AS#2009.18  

24-hour urinary 
creatinine (mg/24 
hours) 
 

V5 
(n=6,493) 

CES-D self-
report scale 

Interleukin-6 via ELISA 
ultrasensitive  

V1 & V2 -  
AS#2009.18 & 
1995.09 

Creatine  
 
 

V4, V5 
AS#2009.02 

Age 

Monocyte chemoattractant 
protein-1  

V1 
 

Blood urea nitrogen 
 
 

V1 
(n=6,489) 

 

Soluble TNF-a receptor  V4 
 

Nutrient Biomarker   

Hematology/Liver  Vitamin B6  V3 
(n=6,191) 

 

Folate via RIA  V3 (n=6,191) Vitamin E gamma 
tocopherol 

V3 
(n=6,191) 

 

Mean corpuscular volume 
(MCV)  

V3 (n=6,191)    

GPT (also known as ALT)  V4 (n=6,538)    
Endocrine/Hormones     
25(OH)-D (25-
hydroxyvitamin D)  

V2 (n=6191) 
 

   

Testosterone  V4 (n=6,394) 
AS#2013.20 
and 
AS#2013.21 

   

Blood glucose  V5 (n=6,495)    
Free thyroxine, fT4  V5 (n=6,441)    
Parathyroid hormone V2 

AS#2009.16 
   

Metabolomics(plasma 
lipids) 

    

Lipids: HDL cholesterol  V5 (n=6,538)    
 
1.6 Potential Limitations  
1. Several of the biomarker measurements come from different time points than the outcome 
measure of frailty at V5. The model will be built with data as close to the outcome diagnosis (V5 
Frailty) as possible; model will use data closest to visit 5 to examine AUC but also examine 



model parameters and AUC adding variables from visits 1 through 4. As varibles are added, 
parameters (model fit and AUC) will be examined for best fit. Initial rebuild in InCHIANTI with 
the predictors available in ARIC at V3-V5 maintained an AUC of 93%. Although we cannot 
completely control for the varying temporal differences between some predictors and the frailty 
outcome, we anticipate findings will be informative and useful for future funding opportunities.  
2. Frailty measure differs slightly between databases. Often there are vaiations in how fraity is 
measured between longitudinal studies which may affect the AUC and the ability of the 
InCHIANTI model to “fit” or accurately predicted frailty in the ARIC data.  However, frailty in 
ARIC was based on the same frailty phenotype that is used in InCHIANTI and has been 
validated (key authors included on this proposal), and we do not anticipate meaningful 
differences in relations of biomarkers to frailty across the studies.  
3. Demographics and ethic/racial differences between databases. The InCHIANTI databases is a 
geographically homogeneous population with a large white/caucation Euopean population. We 
consider it a strength rather than a limitation that ARIC and Health ABC are more diverse 
populations and will allow external validation to be conducted in different cohorts. Models will 
explore ethic/racial differences in the model fit as the model is being built. It is unknown until 
anaysis if the fit of the model will be dependent on these factors.   
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